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Trend Analysis of Physical Activity Measurement Research Using Text Mining in Big Data
Analytics
Seungbak Leea and Minsoo Kanga
a
University of Mississippi
Abstract
Measurements of physical activity taken in a valid and reliable way are essential in characterizing
the relationship between physical activity and health outcomes. Given the steadily growing interest
in the physical activity measurement and the lack of research to identify current trends, this study
investigated the research trend of physical activity measurement by applying four text data mining
techniques (i.e., future signal, keyword network analysis, keyword trend, and keyword association
rule). A total of 54,670 publications from 1982 to 2021 were collected from PubMed. As a result,
the current study 1) confirmed two weak signal topics (i.e., “validity of physical activity
instrument” and “classification of physical activity patterns using machine learning algorithms”)
that are likely to affect future research trends, 2) identified keywords (e.g., “youth,” “adult,”
“woman,” “survey,” “questionnaire,” and “monitor”) from the perspective of populations and
measurement tools, 3) examined that the relative importance of keyword, “senior” increased
rapidly, and 4) indicated that new keywords (i.e., “smartphone,” “wearable device,” “GPS,”
“tracker,” and “app”) appeared in the early 2000s. The findings of this study provided implications
for the selection of research topics and the use of text mining techniques in physical activity
measurement research.
Key words: keyword association rule, keyword network analysis, data mining, future signal
Introduction
Physical activity is a key component in efforts to reduce mortality (Leitzmann et al., 2007),
and it plays an important role in improving health (Piercy et al., 2018). Clinical studies are
providing a growing body of evidence that moderate physical activity prevents the development
of heart and chronic disease (Ignarro et al., 2007; Powell et al., 1987). Physical activity is
associated with various positive health outcomes, such as reductions in obesity (Jakicic et al., 2018;
Kim et al., 2016) and metabolic syndrome (Myers et al., 2019). As such, the demand for the
promotion of physical activity has increased. For instance, in 2018, the Physical Activity
Guidelines for Americans (U.S. Physical Activity Guidelines Committee, 2018) were published to
provide better physical activity recommendations for people of all ages. Therefore, it is essential
to measure physical activity in a valid and reliable way to promote healthy lifestyles and to
characterize the relationship between physical activity and health outcomes (Kang & Rowe, 2015).
Methods to assess physical activity have changed over time; one popular choice is a
questionnaire that asks respondents to describe the type of physical activity in which they engage
as well as the frequency, intensity, and time spent (Craig et al., 2003). Despite the use of selfreport measures in many studies, such data collection tools may miss most unstructured activities
and could cause a considerable number of random errors (Adams et al., 2005). Additionally, selfreport measures may lead to unreliable recall and bias (Shephard, 2003). To overcome the
shortcomings of these subjective measures, objective physical activity monitoring devices (e.g.,
pedometers and accelerometers) have been used to gauge, test, and evaluate an individual’s
physical activity (Kang et al., 2009; Kang et al., 2012; Troiano et al., 2008). However, objective
motion sensors also have limitations in their use in large-scale studies because of their high cost,
uncertain reliability, and difficulties in data interpretation (Freedson & Miller, 2000). As
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technology has advanced, internet-based tools (e.g., smartphones, smartwatches, and wearable
devices) have become useful methods to measure physical activity (Gilson et al., 2013). Bort-Roig
et al. (2014) identified the use of smart technologies (e.g., smartphones, smartwatches, and GPS)
in physical activity measurement and promotion.
Trend analysis has often been used to examine the research trend in physical activity fields.
Trend analysis explores the intricate process of how a specific situation changes or develops in a
certain direction (Lee et al., 2021). One of the most widely used trend analysis methods is content
analysis, which calculates descriptive statistics about the tendency of specific concepts to appear
in unstructured data based on text and synthesizes the opinions of experts (Hsieh & Shannon, 2005).
Content analysis is useful for discovering trends and patterns in text data (Stemler, 2000),
providing basic insights into how text is used (Babbie, 1992). Haegele and Lee (2015) examined
research trends in Adapted Physical Activity Quarterly using content analysis. Additionally,
Kebede et al. (2018) used content analysis to identify whether evidence-informed physical activity
applications are providing evidence for the promotion of physical activity. Despite the widespread
use of the content analysis, there are some limitations. First, content analysis is subjective (Guthrie
& Abeysekera, 2006), and since researchers subjectively classify text data, it is difficult to
generalize the results. Next, the findings from the content analysis may not provide more insights
beyond the given data (Morgan, 1993).
Figure 1
A process of knowledge discovery in database in text mining

Another widely used method for the trend analysis is text mining. Hearst (1999) offers a
definition of text mining as “the process of extracting previously unknown, understandable,
potential, and practical patterns or knowledge from the collection of massive and unstructured text
data or corpus.” Recently, with the spread of big data in the form of text and the development of
computing technology, efforts to automate reviews of trends are continuing (Park & Cho 2017).
Text mining includes various analysis processes such as pattern matching, topic tracking,
association rules, and text network visualization (Fan & Li, 2006). Using these processes, various
2
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analysis methods (e.g., topic modeling, clustering, association rule analysis, and network analysis)
have been created and developed.
Despite the increasing use of text mining in various fields, many studies have analyzed
research trends of physical activity using content analysis instead of text mining. A few studies
have applied text mining to analyze trends of physical activity research; however, by applying only
one process of text mining analyses, these studies are unable to acquire data that could be extracted
from other processes. Given the growing interest in measuring physical activity and the lack of
research to identify the trends, it is essential to examine how the physical activity measurement
tools have changed over time. Therefore, this study investigated the research trend of physical
activity measurement by applying various text mining analyses. First, keywords that are likely to
become issues in the future related to the measurement of physical activity were identified through
future signal analysis. Second, the relationships between the keywords were visualized through
the network analysis. Next, trends of keywords from the perspective of populations and physical
activity measures were examined. Finally, keyword association rules were derived by applying
association rule analysis.
Methods
Text mining is known as knowledge discovery from textual databases (Feldman & Dagna,
1995). It refers to the overall process of discovering meaningful and nontrivial knowledge from
unstructured data based on text. Fayyad et al. (1996) suggested the knowledge discovery in
databases (KDD) process, which involves five steps: 1) data selection, 2) data cleaning, 3) data
transformation, 4) data mining, and 5) interpretation. This study followed the knowledge discovery
in databases process to explore research trends of physical activity measurement using text mining
(see Figure 1).
Data Selection
Data selection is defined as creating and selecting a target data set, focusing on a subset of
data samples (Fayyad et al., 1996). PubMed was used to obtain research information on title,
keyword, and publication year. PubMed has received attention from researchers who are interested
in using text mining techniques because it provides various text data (e.g., abstract, keyword,
published year, title) for more than 12 million papers (Feldman & Sanger, 2007). First, 16,732
studies that included “physical activity measurement” or “physical activity assessment” in their
titles and abstracts were selected for the frequency analysis of keywords. Among the 50 most
frequent keywords, 19 terms related to the physical activity measurement were selected for the
data collection (i.e., physical activity, assessment, measurement, questionnaire, validity,
accelerometer, reliability, energy expenditure, evaluation, monitoring, pedometer, report,
validation, objective, wearable, actigraph, monitor, device, and sensor). Lastly, publications that
frequently used these terms were searched. As a result, a total of 54,670 publications from 1982 to
2021 were collected for this study.
Data Cleaning and Transformation
Data cleaning and transformation include tasks such as removing noise or handling data
for further analysis (Fayyad et al., 1996). Since text is unstructured data, preprocessing is essential
to reduce the time required for the analysis and to increase accuracy. In this study, text
preprocessing was performed in six steps. The first step is tokenization; this is the process of
breaking up text data such as words, numbers, and punctuation marks, which can be considered
tokens. The second step is stopwords, which are common words such as “a,” “on,” “is,” and “all.”
These words are deleted because they are not essential. Since “physical activity,” “measurement,”
3
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and “assessment” appeared prominently in the studies, they were also removed to allow for
examination of other meaningful keywords. The third step is stemming, which is the process of
changing various forms of a word into their stem form (e.g., “students” to “student,” “bodies” to
“body”).
Table 1
Example of text reprocessing
Raw data

Association of living physical activity and energy expenditure in women

Stopwords

[‘association’, ‘of’, ‘living’, ‘physical’, ‘activity’, ‘and’, ‘energy’, ‘expenditure’, ‘in’,
‘women’]
[‘association’, ‘living’, ‘energy’, ‘expenditure’, ‘women’]

Stemming

[‘association’, ‘living’, ‘energy’, ‘expenditure’, ‘woman’]

Extraction Noun

[‘association’, ‘energy’, ‘expenditure’, ‘woman’]

Common Word

female, woman  woman

Collocation

energy expenditure, sport participation, wearable device

Tokenization

The fourth step is part-of-speech tagging, which aims to assign a part of speech (noun, verb,
adjective, etc.) to each word. In this study, only nouns were extracted and used for the analysis.
The fifth step is a common word conversion, which changes words with the same meaning but
different expressions into a single word (e.g., “female” and “woman” to “woman”). The final step
is a collocation extraction. Collocations are continuous sequences of words occurring together
more often than would be expected by chance. Examples of collocation are “energy expenditure,”
“sport participation,” and “wearable device” (see Table 1).
Data Mining
This study uses four popular text data mining techniques—future signal, keyword network
analysis, keyword trend, and keyword association rule—to find meaningful patterns from the study
data.
Future Signal.
According to Hiltunen (2008), future signal indicates “current oddities and strange issues
that are thought to be key in anticipating future changes in different environments.” The degree of
visibility (DoV) is the statistical representation of the signal level of a future sign that measures
the degree of a keyword in a data set based on its occurrence frequency (McAbee et al., 2017). The
degree of visibility is calculated by the ratio of the number of term occurrences to the total number
of documents. Using a time weight, the DoV of keyword i in period j is defined as:
𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖
𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖𝑖𝑖 = �
� × {1 − 𝑡𝑡𝑡𝑡 × (𝑛𝑛 − 𝑗𝑗)}
(1)
𝑁𝑁𝑁𝑁𝑖𝑖
where TFij is the total occurrence frequency of a keyword i in the period j, NNj is the total number
of documents in the period j, tw is the time-weight, and n is the number of periods. In this study,
the time-weight was set to .05 so as to be uniformly assigned to all periods (Yoon, 2012).
The visualization of the DoV can be accomplished by keyword emergency mapping
(KEM). In KEM, the x-axis represents the average term frequency, and the y-axis indicates the
average growth rate of DoV (Park & Cho, 2020). The quadrants of KEM are divided by median
values. The high-right quadrant indicates strong signals (i.e., high frequency and growth rate of
DoV), having the potential to become a trend since the topic pattern is relatively more stable and
further exposed. The high-left quadrant means weak signals (i.e., low frequency, but high growth
rate of DoV), suggesting that their relevance may increase in the future (Hiltunen, 2008). The low4
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left quadrant refers to latent signals (i.e., low frequency and growth rate of DoV), which are not
yet significantly noticeable. Lastly, the low-right quadrant can be identified as well-known but not
a strong signal (i.e., high frequency, but low growth rate of DoV) because they are already familiar
to people but their growth rate of DoV is not high.
Figure 2
Keyword emergency mapping (KEM) example.

Keyword Network Analysis.
Keyword network analysis, which is one of the social network analysis techniques, is the
process of examining co-occurrence relationships between keywords (Su & Lee, 2010). In this
study, keyword network analysis was performed using centrality, which identifies the nodes
(keywords) that occupy important positions in a network (Freeman et al., 1979; Wasserman &
Faust, 1994). The various centrality measures include degree of centrality, between centrality,
closeness centrality, and eigenvector centrality (Freeman, 1978). Among these measures, the
degree of centrality is used in this study; it represents the number of links a node (keyword) has
(Freeman et al., 1979) and can be used to visualize a network map.
Keyword Trend.
The study data were divided into four periods (Phase 1: 1982–1991, Phase 2: 1992–2001,
Phase 3: 2002–2011, and Phase 4: 2012–2021) to identify the trend of keywords. Word frequency
analysis is often used, yet it has a limitation that cannot consider the total number of documents
per period. To solve this problem, we used the term frequency-inverse document frequency (TFIDF) measure, which indicates the relative importance of words (Yahav et al., 2018). Term
frequency (TF) means the number of times that word ti is in document dj divided by the number of
appearances of all words in document dj. The equation of TF is given as:
5
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𝑛𝑛𝑖𝑖,𝑖𝑖
(2)
∑𝑘𝑘 𝑛𝑛𝑘𝑘,𝑖𝑖
where inverse document frequency (IDF) indicates the total number of documents divided by the
number of documents in which a specific word appears. IDF is calculated as the following:
|𝐷𝐷|
𝐼𝐼𝐷𝐷𝑇𝑇 = 𝑙𝑙𝐷𝐷𝑙𝑙
(3)
|𝑑𝑑𝑖𝑖 |𝑡𝑡𝑖𝑖 ∈ 𝑑𝑑𝑖𝑖
where |D| is the total number of documents, and |dj|tj∈dj| is the number of documents in which
word ti appears. IDF assigns lower weight to frequent words and greater weight to infrequent words.
Therefore, TF-IDF is the multiplication of term frequency and inverse document frequency.
Keyword Association Rule.
The association rule, widely known as market basket analysis, is a data mining technique
to identify hidden patterns or rules in large data sets (Berry & Linoff, 1997). Agrawal et al. (1993)
first introduced the association rule in mining large transaction databases using the Apriori
algorithm. The rule generation process comprises two steps. The first step identifies all item sets
whose support is greater than the predefined minimum support. The next step generates the
association rules that satisfy a user-predefined minimum confidence.
Table 2
Degree of visibility, increasing rate, and average term frequency (top 15 keywords)
𝑇𝑇𝑇𝑇𝑖𝑖,𝑖𝑖 =

Keyword

Average
Frequency

Degree of Visibility (DoV)
(Phase 1 – Phase 4)

DoV increase
rate average

youth
1387
0.064
0.068
0.099
0.103
0.182
health
1123
0.036
0.067
0.063
0.088
0.406
patient
1023
0.095
0.054
0.057
0.080
0.010
adult
1022
0.031
0.036
0.062
0.081
0.396
lifestyle
938
0.038
0.051
0.064
0.070
0.234
risk
894
0.058
0.095
0.077
0.058
0.068
woman
679
0.040
0.079
0.064
0.041
0.147
obesity
630
0.024
0.048
0.054
0.042
0.293
exercise
562
0.051
0.043
0.033
0.042
-0.035
behavior
510
0.018
0.018
0.030
0.041
0.344
exercise intensity 527
0.033
0.030
0.033
0.040
0.072
validation
508
0.055
0.034
0.036
0.036
-0.107
adolescent
463
0.004
0.014
0.034
0.035
1.210
senior
410
0.001
0.012
0.021
0.034
4.009
health program
406
0.024
0.017
0.026
0.031
0.138
disease
362
0.016
0.052
0.024
0.025
0.605
Support indicates how frequently a combination of antecedent and consequent of a rule
appears together in the database (Kotsiantis & Kanellopoulos, 2006). If any combinations in the
data occur more frequently than the minimum support level, they become candidates to be
considered for a rule. Confidence indicates the strength of the rule by estimating the probability
P(A|B), which is the portion of cases wherein the consequent appears given that the antecedent has
appeared (Pande & Abdel-Aty, 2009). Any combinations that have a lower percentage than a
predetermined confidence level is considered no association; therefore, they are dropped from the
analysis. Lastly, there is a lift value to measure the quality of a rule. Lift indicates the probability
of confidence increasing if A occurs. When lift (A  B) = 1, this indicates that the relationship
6
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between antecedent and consequent is independent with no correlation. When lift (A  B) > 1,
then A and B are dependent on one another. Therefore, the rules are potentially useful for
predicting consequences in future databases. The support, confidence, and lift are calculated by
the equations:
𝑃𝑃(𝐴𝐴 ∪ 𝐵𝐵)
(4)
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐷𝐷𝑠𝑠𝑡𝑡 (𝐴𝐴 → 𝐵𝐵) = 𝑃𝑃(𝐴𝐴 ∩ 𝐵𝐵) =
|𝐷𝐷|
𝑐𝑐𝐷𝐷𝑛𝑛𝑐𝑐𝑐𝑐𝑑𝑑𝑐𝑐𝑛𝑛𝑐𝑐𝑐𝑐 (𝐴𝐴 → 𝐵𝐵) =

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐷𝐷𝑠𝑠𝑡𝑡 (𝐴𝐴 → 𝐵𝐵)
𝑃𝑃 (𝐴𝐴 ∩ 𝐵𝐵)
=
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐷𝐷𝑠𝑠𝑡𝑡 (𝐴𝐴)
𝑃𝑃 (𝐴𝐴)

(5)

𝑐𝑐𝐷𝐷𝑛𝑛𝑐𝑐𝑐𝑐𝑑𝑑𝑐𝑐𝑛𝑛𝑐𝑐𝑐𝑐 (𝐴𝐴 → 𝐵𝐵)
(6)
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐷𝐷𝑠𝑠𝑡𝑡 (𝐵𝐵)
In this study, according to Chen et al. (2006), the minimum threshold for support and
confidence is set as α = .01, and β = .70. In other words, only the rules above the 1% threshold for
α and above the 70% threshold for β will be observed.
𝑙𝑙𝑐𝑐𝑐𝑐𝑡𝑡 (𝐴𝐴 → 𝐵𝐵) =

Results
Future Signal
Table 2 indicates the average growth rate in the DoV and the average frequency of each
keyword involved in the search between 1982 and 2021. This study was conducted in four phases
divided into 10-year increments: Phase 1 (1982–1991), Phase 2 (1992–2001), Phase 3 (2002–
2011), and Phase 4 (2012–2021). Table 2 reveals that the DoV average growth rates for most
keywords increase across the four phases, demonstrating a positive trend. In particular, the
keywords indicating relatively more drastic trend changes are “health,” “adult,” “senior,” and
“disease.” Unlike the overall increasing trend, the keywords “validation” and “exercise” exhibit a
decreasing trend. The average increased rate of exercise declines rapidly from Phase 2 (1992–2001)
to Phase 3 (2002–2011) and validation decreases between Phase 1 (1982–1991) and Phase 2
(1992–2001).
Table 3 presents the summary of future signals, which were classified into four quadrants
using the median of the DoV average increase rate and the average frequency of each keyword.
The noticeable keywords in the strong signal quadrant are related to population (e.g., “youth,”
“adult,” and “patient”) and to health (e.g., “fitness,” “obesity,” and “health program”), and these
words represent the current physical activity measurement research trend. On the contrary, the
keywords “testing,” “instrument,” “algorithm,” “prediction,” “accuracy,” “motor,” “walking,”
“medicine,” and “hormone” are considered to have weak signals, with some keywords such as
“algorithm,” “prediction,” and “testing” exhibiting the potential to become strong signals in the
future. The main keywords in the latent signals are “sensors,” “treadmill,” “heart rate,”
“personality,” “endurance,” “nursing,” and “smoking,” with these keywords all falling below the
median of both the DoV average increase rate and the average frequency of keywords. These
keywords may be obscured until they become appropriate for future signals, or they may have
already been studied enough to be of little interest. Keywords with well-known but not strong
signals are “man,” “questionnaire,” “monitor,” “pattern,” “evaluation,” “validation,” “exercise,”
“weight,” “body,” and “intake.” These words have been exposed to people and used in physical
activity measurement research, but the increase rate is stagnant.

7
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Table 3
Summary of future signals
Strong
Weak
youth
employee
health
testing
patient
instrument
adult
mother
lifestyle
accuracy
risk
motor
woman
prediction
obesity
anxiety
behavior
safety
exercise intensity
walking
adolescent
medicine
senior
water
health program
algorithm
disease
hormone
fitness
protocol
diabetes
quality
student
nutrition
diet
Table 4
Degree of centrality related to populations
No
1
2
3
4
5
6
7
8
9
10

Keyword
youth
adult
woman
man
senior
student
family
parent
player
children

Latent
clinic
endurance
sensor
chemotherapy
nursing
restriction
treadmill
chronic
personality
heartrate
smoking
physician
protein
style
power

Well known, but not strong
exercise
validation
evaluation
man
weight
cancer
pattern
questionnaire
monitor
mortality
hypertension
injury
sport
body
blood pressure
bone
stress
intake
density
work
consumption

Degree Centrality
2.916
2.217
1.818
1.012
0.764
0.512
0.272
0.251
0.183
0.107

Keyword Network Analysis
Keyword network analysis was performed with studies containing keywords related to
populations (i.e., “youth,” “adult,” “woman,” “man,” “adolescent,” “senior,” “student,” “sport
participation,” “family,” “parent,” “player,” and “children”) and measurement tools (i.e.,
“accelerometer,” “pedometer,” “smartphone,” “questionnaire,” “monitor,” “survey,” “treadmill,”
8
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“wearable device,” “GPS,” “sensor,” “self-report,” “tracker,” “app,” “scale,” and “device”),
respectively. Table 4 and Figure 3 present the results of the centrality analysis and visualization
using studies of physical activity measurement keywords related to populations. Table 4 presents
the top 10 keywords based on the degree of centrality. As per result, “youth” (2.916) exhibited the
highest degree of centrality, followed by “adult” (2.217), “woman” (1.818), “man” (1.012), “senior”
(0.764), and “student” (0.512). These population-related keywords have been widely used in
physical activity measurement research.
Figure 3 illustrates the keyword network visualization based on the degree of centrality.
Keywords such as “adult,” “woman,” “man,” “senior,” and “student” are situated around the center
of “youth” and are mainly used in physical activity measurement studies related to populations.
Likewise, “adult” forms a cluster with keywords such as “health,” “obesity,” “exercise intensity,”
and “fitness.” “Woman” is associated with “postmenopausal,” “persistence,” “anxiety disorder,”
and “incontinence.”
Figure 3
Keyword network related to populations

Table 5 and Figure 4 present the results of the centrality analysis and visualization using
studies of physical activity measurement keywords related to measurement tools. The results of
the analysis revealed that “survey” (1.383) has the highest degree of centrality, followed by
“questionnaire” (1.007), “monitor” (0.775), “accelerometer” (0.447), “scale” (0.395), and “device”
(0.314).

9
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Table 5
Degree of centrality related to tools
No
Keywords
1
survey
2
questionnaire
3
monitor
4
accelerometer
5
scale
6
device
7
app
8
sensor
9
pedometer
10
self-report
Figure 4
Keyword network related tools

Degree Centrality
1.383
1.007
0.775
0.447
0.395
0.314
0.255
0.194
0.181
0.144

Figure 4 visualizes the results of the keyword network based on the degree of centrality.
“Survey,” “questionnaire,” “monitor,” “accelerometer,” “pedometer,” and “smartphone” are main
keywords related to measurement tools and they are widely used in physical activity measurement
studies. Specifically, keywords such as “survey,” “self-report,” and “questionnaire,” representing
subjective tools, are related to exercise (e.g., exercise intensity, exercise), health (e.g., health,
national health), nutrition (e.g., nutrition, food, and diet), and scale development (e.g., reliability,
10
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development, and estimation). “Accelerometer,” “monitor,” “smartphone,” and “pedometer,”
representing objective tools, are related with protocol and algorithm development (e.g., protocol,
algorithm, and effectiveness), validation (e.g., accuracy, acceptability, and prediction), and
advanced instruments (e.g., app, wearable device, tracker, and smartwatch).
Table 6
Keywords trend of populations
Keywords
Phase 1
Phase 2
Phase 3
Phase 4
youth
0.020
0.020
0.024
0.023
adult
0.012
0.013
0.018
0.020
woman
0.015
0.022
0.019
0.013
man
0.013
0.016
0.011
0.007
adolescent
0.003
0.007
0.012
0.012
senior
0.000
0.006
0.009
0.011
student
0.007
0.004
0.007
0.008
sport participation
0.000
0.000
0.001
0.001
family
0.004
0.003
0.005
0.004
parent
0.002
0.002
0.003
0.003
player
0.006
0.004
0.003
0.002
children
0.002
0.001
0.003
0.003
Table 7
Keywords trend of tools
Keywords
Phase 1
Phase 2
Phase 3
Phase 4
accelerometer
0.003
0.003
0.004
0.004
pedometer
0.002
0.001
0.005
0.002
smartphone
0.000
0.000
0.000
0.001
questionnaire
0.009
0.009
0.008
0.006
monitor
0.015
0.008
0.006
0.006
survey
0.007
0.009
0.007
0.005
treadmill
0.002
0.001
0.001
0.001
wearable device
0.000
0.000
0.000
0.001
GPS
0.000
0.000
0.001
0.000
sensor
0.003
0.002
0.001
0.002
self-report
0.006
0.003
0.002
0.002
tracker
0.000
0.000
0.000
0.002
app
0.000
0.000
0.000
0.003
scale
0.006
0.003
0.003
0.003
device
0.003
0.001
0.002
0.003
TF-IDF was calculated to examine the trend of keywords related to populations and
measurement tools.
11
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Keyword Trend
Table 6 presents the trends of keywords related to populations. “Youth,” “adult,”
“adolescent,” and “senior” demonstrate an upward trend over time, while studies involving “man”
decline over time. Research on “senior” begins to appear in Phase 2.
Table 7 indicates the trends of keywords related to measurement tools. Changes in the
relative importance of each period are modest except for “monitor” and “scale.” Notably, new
tools measuring physical activity emerge over time. Specifically, the keywords such as
“smartphone,” “wearable device,” “GPS,” “tracker,” and “app” begin to appear in Phases 3 and 4.
Keyword Association Rule
Association rule mining was performed with studies containing keywords related to
populations and measurement tools, respectively. Additionally, keyword association rules were
derived for each period, and support and confidence thresholds were set at .01 and .70, respectively.
However, in the analysis using population-related keywords, no rule was derived above the
confidence .70 threshold. Thus, rules with more than .50 were suggested.
Table 8
Association rules analysis results (Populations)
Phase

Phase 1

Phase 2

Phase 3

Phase 4

antecedents

consequents

support

confidence

lift

blood pressure

youth

0.03

1.00

2.88

history

family

0.03

1.00

23.75

mortality
epidemiology,
school
epidemiology,
female
cardia
development,
cardia
risk, cardia
development,
risk, cardia
development,
risk
density

man

0.03

1.00

4.52

female

0.03

1.00

23.75

student

0.03

1.00

10.56

adult

0.01

1.00

6.48

adult

0.01

1.00

6.48

adult

0.01

1.00

6.48

adult

0.01

1.00

6.48

adult

0.01

0.92

5.94

woman

0.01

0.61

2.74

parent

youth

0.01

0.55

1.75

school

youth

0.01

0.54

1.74

risk, obesity

youth

0.01

0.50

1.60

bone

youth

0.01

0.48

1.55

parent

youth

0.02

0.66

2.03

screen

youth

0.01

0.64

1.97

school

youth

0.01

0.60

1.84

diabetes

adult

0.01

0.59

2.43

fitness

youth

0.01

0.51

1.58
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Table 8 indicates the top five association rules related to populations for each period. All
of the association rules generated in Phase 1 have a 100% confidence rate. The lift value of 2.88
implies that the probability of “blood pressure” and “youth” appearing together is 2.88 times higher
than when it is not. The remainder of the rules are interpreted similarly. In Phase 2, most of the
rules consist of “adult,” “cardia,” and “risk.” In Phase 3, the rules are related to “woman” and
“youth.” For example, “density” is associated with “woman” at a 61% confidence rate. Moreover,
the probability of “risk” and “obesity” appearing with “youth” is about 1.6 times higher than when
it is not. The keyword rules indicated in Phase 4 are related mostly to “youth” and “adult.”
Specifically, “parent,” “screen,” “school,” and “fitness” formed rules with “youth,” and “diabetes”
formed rules with “adult.”
Table 9
Association rules analysis results (Tools)
Phase
antecedents
consequents
support
confidence
lift
adult
sensor
0.02
1.00
17.00
alcohol
survey
0.02
1.00
7.29
Phase 1 algorithm
treadmill
0.02
1.00
51.00
Alzheimer
scale
0.02
1.00
10.20
computer
treadmill
0.02
1.00
51.00
consumption
survey
0.01
1.00
3.79
fitness
survey
0.03
1.00
3.79
Phase 2 heartrate
monitor
0.02
1.00
4.27
motion
sensor
0.02
1.00
23.50
nutrition
survey
0.03
1.00
3.79
continuous
monitor
0.01
1.00
5.95
glucose
national health survey
0.01
1.00
4.42
Phase 3 reproducibility questionnaire
0.01
1.00
3.91
health, adult
survey
0.01
1.00
4.42
nutrition, adult survey
0.01
1.00
4.42
national health survey
0.02
1.00
6.37
adult, nutrition survey
0.01
1.00
6.37
health,
survey
0.01
1.00
6.37
Phase 4 nutrition
national health,
survey
0.01
1.00
6.37
nutrition
reliability,
questionnaire
0.01
0.78
4.21
youth
Table 9 indicates the top five keyword association rules-related measurement tools for each
period. In Phase 1, various tools (e.g., “sensor,” “survey,” “treadmill,” and “scale”) appear as
consequents. All association rules have a 100% confidence rate in Phase 1. “Algorithm” and
“computer” appear with “treadmill” with a 100% confidence rate. Additionally, the probability
that “Alzheimer” and “scale” coexist is about 10 times higher than when it is not. Notably, in terms
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of measurement tools, most keywords from Phases 2, 3, and 4 form the rules with “survey.” In
Phase 2, “consumption,” “fitness,” and “nutrition” are related to “survey.” In Phases 3 and 4,
keywords such as “national health,” “nutrition,” “youth,” and “adult” form the rules with “survey.”
Discussion
To our knowledge, this study is among the first to examine the trend of physical activity
measurement using various text mining techniques. The findings of this study 1) confirmed
keywords that are likely to affect future research trends through future signal analysis, 2) identified
keywords and contents from the perspective of populations and measurement tools through
keyword network analysis, 3) examined the relative importance of keywords by period using TFIDF, and 4) formed keyword association rules in terms of populations and measurement tools
based on the association rule analysis. From the results of the future signal analysis, the keywords
(i.e., “testing,” “instrument,” “accuracy, “motor,” “prediction,” “walking,” “algorithm,”
“employee,” “mother,” “anxiety,” “safety,” “medicine,” “water,” and “hormone”) represent weak
signals, indicating their potential to be trends in the physical activity measurement field. Two weak
signal topics are identified from those keywords. The first is “validity of physical activity
instrument.” Along with technology development, the studies about establishing validity and
reliability evidence of devices measuring physical activity will continue (e.g., Brodie et al., 2018;
Degroote et al., 2018; Holbrook et al., 2009; Holbrook et al., 2011; Kim & Kang, 2019; Kim et al.,
2013; Lamont et al., 2018).
The second weak signal topic is “classification of physical activity patterns using machine
learning algorithms” and includes keywords such as “prediction,” “walking,” “algorithm,”
“testing,” and “accuracy.” For example, a machine learning model was used to classify walking
types (Hu et al., 2018) and to develop algorithms to measure and recommend physical activity
(Liao et al., 2020; Mohammadi et al., 2020). With the rapid increase in the generation of data and
the development of computational science, data mining and machine learning techniques will
continue to identify more informed interpretations of physical activity behavior.
The keyword network analysis results revealed the top three keywords (i.e., “youth,”
“adult,” and “woman”) with a high degree of centrality using physical activity measurement
studies related to populations. Previous studies have examined physical activity measurement
issues in children. For example, Kang et al. (2016) described the background and issues that often
arise when measuring physical activity in youth. Loprinzi and Cardinal (2011) reviewed various
physical activity and sedentary behavior measurement tools (e.g., self-report surveys, self-report
diaries, parental reporting, and heart rate monitoring) for children. Furthermore, several
researchers have conducted studies targeting adults and, specifically, women. For example,
previous studies have identified the validity and responsivity of the adult physical activity
measurement questionnaire (Deng et al., 2008; Hallal & Victora, 2004; Tomioka et al., 2011);
examined the relationship between physical activity, health, and nutrition (Bassett et al., 2010;
Heller et al., 2011); and confirmed the association between physical activity and disease in
postmenopausal women (LaMonte et al., 2018; Segev et al., 2018).
The keyword network analysis using physical activity measurement studies related to
measurement tools identified “survey,” “questionnaire,” and “monitor” with the high degree of
centrality. Surveys and questionnaires seem to play an essential role despite the development of
new instruments measuring physical activity. The US National Health and Nutrition Examination
Survey and the International Physical Activity Questionnaire are widely used to confirm the
relationship between physical activity and health outcomes.
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The results of TF-IDF indicated the relative importance of keywords according to the
period. First, among keywords related to population, the keywords with increasing importance
were “youth,” “adult,” “adolescent,” and “senior,” and the keyword exhibiting the most rapid
growth was “senior.” According to a 2019 United Nations report, people over 65 years old will
account for 16% of the world population by 2025. As the elderly population increases,
measurement of physical activity grows in emphasis. The finding is consistent with previous
research (Koch, 2010), demonstrating that measurement tools to evaluate physical activity and
health outcomes are essential to preserving older people’s overall health. Next, the relative
importance of keywords related to measurement tools did not change much across the various
phases. However, new keywords (i.e., “smartphone,” “wearable device,” “GPS,” “tracker,” and
“app”) appeared between Phase 3 and Phase 4. These keywords indicate that physical activity
measurement tools were developed with technological advances. The result follows the previous
findings that pointed out the use of smart devices to measure physical activity (Stella et al., 2021;
Zheng et al., 2014).
Keyword association rule analysis was used to find meaningful associations or correlations
among a large set of keywords. The results of the keyword association rule analysis support the
findings derived from keyword network analysis. Specifically, the association rules related to
population consisted mainly of “adult” and “youth.” However, some earlier studies included other
consequents associated with population (e.g., “family,” “student”) in Phase 1. The association rules
related to measurement tools generally comprised surveys and questionnaires. The findings also
indicate similar results with keyword network analysis. Self-reported measures, including
questionnaires and surveys, have been widely used in physical activity measurement studies,
especially in population-based observational research.
Although these findings provide significant implications for research trends of physical
activity measurement, this study has several limitations. First, text preprocessing is a controversial
step. Text data can have different meanings depending on the context and can result in multiple
errors due to various interpretations. Second, there is a limit to generalizing the research trend
results of physical activity measurement in this study because the data were collected only from
PubMed. Despite these limitations, this study can provide researchers with information on research
trends about physical activity measurement. Moreover, there is the implication of using text mining
techniques in physical activity measurement. Traditionally, studies have been conducted to
confirm and compare the validity and reliability evidences of subjective and objective tools for
measuring physical activity. However, text mining technology can be utilized to evaluate the tools
in new ways by synthesizing the written or spoken information (e.g., expert’s opinion) in varied
textual form (e.g., transcripts, speeches, articles) on the physical activity measurement tools.
Future researchers are advised to use various, credible databases to conduct text-mining research
on physical activity measurement and other areas associated with physical activity.
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